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Abstract: Repurposing data is when data is used for a completely different decision/task to what it was originally 
intended to be used for. This is often the case in data analytics when data, which has been captured by the business as 
part of its normal operations, is used by data scientists to derive business insight. However, when data is collected for 
its primary purpose some consideration is given to ensure that the level of data quality is “fit for purpose”. Data 
repurposing, by definition, is using data for a different purpose, and therefore the original quality levels may not be 
suitable for the secondary purpose. Using interviews with various manufacturers, this paper describes examples of 
repurposing in manufacturing, how manufacturing organisations repurpose data, data quality problems that arise 
specifically from this, and how the problems are currently addressed. From these results we present a framework 
which manufacturers can use to help identify and mitigate the issues caused when attempting to repurpose data. 
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INTRODUCTION  
Once data from manufacturing-related enterprise information systems has been used for its primary and 
intended purpose, forward thinking organisations are looking to exploit extra value from this data by 
repurposing it. Repurposing data is when data is used for a completely different decision/task to what it 
was originally intended to be used for. With the advent of areas such as data analytics, where operational 
data is being fed to data scientists in order to gain insight into everything from supplier non-performance 
to customer churn, data repurposing is already commonplace and is set to increase in importance.  
 
The effect on data quality, however—which is defined as “fitness for use” (Wang and Strong, 1996)—is 
that when the use changes, so do the quality requirements. These “secondary quality requirements” may 
never have been given any consideration, and this raises new challenges for organisations who want to 
repurpose their data. In some cases, these challenges are considerable, and this research confirmed the 
widely cited estimate that 80% of a data scientist’s time is spent pre-processing data so that it is fit for 
use for analysis. 
 
This research focussed on manufacturing organisations and proposes the Manufacturing Data 
Repurposing (MDR) framework, which can be used to help manufacturers identify, avoid and/or manage 
the key data quality challenges that arise as a result of attempting to repurpose data.  
 
By constructing this framework based on the results from interviews with various manufacturers and 
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 experts who have worked in various manufacturing organisations, we argue that our framework captures 
the current key data quality problems and the context within which they arise. The interviews aimed to 
extract information on the following questions: 
 
1. What do manufacturers repurpose data for? 
2. How do manufacturers currently repurpose data (how do they get the data and what where do 
they get it from)? 
3. What data quality problems do manufacturers face when repurposing data? 
4. How do manufacturers currently address these problems (short term workarounds and long-term 
solutions)? 
 
This paper proceeds with a brief background on repurposing and manufacturing information systems, 
before describing the how the interviews were setup and conducted. The interview results are then 
presented before the Manufacturing Data Repurposing framework is described, and final conclusions are 
given.  
 
BACKGROUND 
Data repurposing refers to the use of data for a completely different task/decision than the original 
purpose. This is different from reuse, which would be using the data again for the same or very similar 
task. It may also be referred to as a secondary (or tertiary etc.) use (Veaux and Hand, 2005). Data 
analytics falls under the heading of data repurposing because in many cases data scientists will be using 
existing data that has been collected and used for another purpose.  
 
Manufacturing Information Systems 
Manufacturing Information Systems (MIS) are Information Systems pertaining to the major business 
operations involved in Manufacturing: Procurement, Scheduling, Finance, Asset & Inventory 
Management as well as Production Systems Management. Typical systems include: Enterprise Resource 
Planning (ERP) systems, Manufacturing Execution Systems, Inventory Management Software, Product 
Lifecycle Management Tools etc. These Information Systems have become an integral part of 
manufacturing companies in these last two decades (Melville et al., 2004) and the integration as well as 
adoption of such systems often correlate with a plant’s performance (Banker et al., 2006). Our focus in 
this paper is on how to repurpose data in these types of systems.  
 
RESEARCH METHODOLOGY 
Semi-structured interviews were chosen to obtain answers to the four questions in the introduction. The 
2nd author and a fellow student conducted interviews with employees from various manufacturing 
organisations and these were analysed by both authors separately. The same interview contained 
additional questions that were reported in (Woodall and Wainman, 2014), and this paper reports the data 
quality related findings from the same set of interviews with one additional interview added. The names 
of interviewees and their respective organisations have been kept confidential. The interview was 
deliberately designed in this way so that the respondents would be more likely to answer freely about any 
problems found in their organisation.  
 
Survey Case Selection 
The different organisations and respondents from these were selected according to the selection criteria 
shown in Table 1. A company size of at least 30 people was chosen in order to have a medium or larger 
sized company. We chose larger organisations as a starting point because with a smaller organisation, re-
purposing data is likely to be less of an issue; for example, an organisation with only 5 people is likely to 
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 be agile enough to share and repurpose data easily because the communication between people is less 
complex. The time that the company were required to have had their information systems in place was 
chosen to be a year or more to provide the company with enough experience to report how it is used. The 
criteria were also applied to academics who had been in these roles in the past and were able to answer 
the questions from their experience of working in a company or multiple companies that satisfy the case 
selection criteria.  
 
Criteria Requirement 
Company Size >30 people or more 
MIS has to be in place  Yes 
Time of MIS implementation 12 months or longer 
Industry Manufacturing + related (e.g. logistics) 
Interviewee Manager, Engineer or regular MIS user 
 
Table 1: Case selection criteria 
 
The following three data sources were used to find the appropriate target organisations and interviewees 
for the survey: 1. Contacts from both the Distributed Information and Automation Laboratory (DIAL) 
and Education and Consultancy Services (ECS) group at the Institute for Manufacturing 
(http://www.ifm.eng.cam.ac.uk/) 2. Contacts known to the author, 3. Contacts through the use of the 
LinkedIn platform. 
 
Limitations 
Unfortunately, the interview questions from the interview instrument were not always read verbatim, and 
the consequence was that some interview questions were pitched at a too general level. They did not 
therefore capture a specific response or ask about a particular experience of the respondent when they 
tried to repurpose data (or be about a situation where they know data was/is being repurposed). This 
resulted in many “generic” data quality problems, which may or may not have been related to 
repurposing. Therefore we removed these from the results and only present the results that relate to 
repurposing.  
 
INTERVIEW RESULTS 
A total of eight interviewees for seven different cases (case F consisted of two interviews with different 
personnel from the same company) were conducted, and the details of these are summarised in Table 2. 
In case A and G, the respondent was an academic who had worked for various manufacturing 
organisations in different roles and answered the interview questions by selecting from his experiences 
that were most relevant and useful to the question. Each interview lasted approximately 1 hour in 
duration. 
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 Case Interviewee Organisation 
Case A Pilot: Academic Various manufacturers 
Case B Business Systems 
Manager 
Print head manufacturer 
Case C Engineering Project 
Manager 
Paint manufacturer 
Case D Director High precision parts 
manufacturer 
Case E Senior Supply Chain 
Analyst 
Coatings manufacturer 
Case F Technical Lead Systems 
Engineer 
Aircraft Manufacturer 
Case F Engineer (IT) Aircraft Manufacturer 
Case G Academic Various manufacturers 
 
Table 2: Case interviewees and organisations 
 
Examples of how manufacturers are repurposing data are shown in Table 3 along with how and where 
the data is obtained. Due to the issues with the interview, mentioned in the limitations section above, 
there are some cases where no answer was obtained, and case G did not provide any example repurposing 
task or how the data is obtained. The data quality problems and existing short term and long term 
solutions are shown in Table 4.  
 
 
Case Example repurposing task How/where is the data obtained 
A Identification of performance improvements 
to the production line and logistics 
operations. 
Data is extracted from the MIS into a data 
file (e.g. spreadsheet) and is sent via email to 
the analyst. 
B To determine how to configure a production 
machine to produce a new type of product 
using existing test data. 
- 
 
C To perform an ad hoc product quality 
improvement by reconfiguring a machine 
using machine production data. 
Data is extracted from the MIS into a data 
file (e.g. spreadsheet) and is sent via email to 
analysts. 
D No specific example given. Spreadsheets are stored on a file server (with 
transaction control) for people to access 
when needed. 
E To calculate supplier performance, such as 
On-Time In Full (OTIF) using purchase 
order and good receiving data. 
Data is extracted from the data warehouse 
into a data file (e.g. spreadsheet) to perform 
the analysis. 
F To perform a parts obsolescence risk 
assessment for all the parts on an aircraft 
using the bill of materials. 
Data is extracted from the MIS into a data 
file (e.g. spreadsheet) and is sent via email to 
a person in another organisation for analysis. 
 
Table 3: Examples of data repurposing in manufacturing 
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 Case Data source 
available to 
the 
repurposer 
Data quality problems Results and mitigating actions 
A Spreadsheet Dummy data: the ‘actual delivery 
date’ was copied directly from the 
‘expected delivery date’, so that it 
appeared as if more data was 
available. 
Short term: affected parts of the 
data cannot be used in the analysis. 
Long term: improve the data 
collection. 
B Ad hoc 
database 
No issues. None, due to no issues. 
C Spreadsheet The data about testing the quality of 
paint contained irrelevant outliers 
because of the different ways in 
which the paint can be tested. To 
compare like with like, one needs to 
know which batches were tested in 
the same/similar way. 
Short term: Manual checks by the 
analysts to confirm suspicious data. 
Remove the outliers from the 
analysis after confirming with the 
data provider. Long term: correct 
and improve paint tester 
performance.  
D Spreadsheet Hidden data: some spreadsheets are 
stored on local desktop computers and 
are not accessible to others in the 
organisation. Updates are not 
propagated back to the original data. 
Short term: no solution 
Long term: not stated. 
 
E Data 
warehouse 
Data needs to be transformed again if 
the transforms applied for the data 
warehouse are not useful. 
 
E Data 
warehouse 
The analyst is not always aware of the 
way the original data was collected or 
processed. This results in false 
assumptions being made about the 
data. 
None stated. 
F Not stated 
 
There is no synchronisation between 
the original data and any copy of the 
data. 
Short term: none. Long term: 
attempt to reduce “satellite 
systems” and develop system 
integration technologies. 
F Not stated 
 
Data is not easy to find because there 
are many information systems and 
there is no integration of systems 
across business units. 
Short term: the analysts need to ask 
colleagues who are knowledgeable 
about what data the systems contain 
and what the level of quality is in 
each. Long term: develop system 
integration technologies. 
G Not stated 
 
Data needs to be transformed to be fit 
for use, such as converting between 
time periods, measurement units (cm 
to m), and aggregating/disaggregating 
quantities (1 box = 50 items).  
Short term: manually perform the 
transforms (with assistance from a 
tool such as a spreadsheet or data 
quality profiling/correction tool). 
Long term: no solution. 
 
Table 4: Data quality problems arising from repurposing and mitigating actions applied. 
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 As shown in Table 4, a data file such as a spreadsheet is often used to hold the copy of the data or it may 
also be entered into a database if, for example, SQL queries are needed or the data is very large. Even if 
the data is in a data warehouse we found that a copy of the data is still taken, for various reasons: 
1. it is a convenient way to enter data into some analytics tools (such as data mining tools), which 
may require a spreadsheet etc. as input  
2. to enable changes to the data to be made without affecting the original data (which is needed by 
others).  
3. to enable ad hoc integration with other datasets (for example combining it with external data 
from the web) 
4. to facilitate rapid and convenient pre-processing of the data (such as changing rows for columns, 
replacing all ‘0’ values with ‘1’, selecting samples etc.)  
5. to facilitate ad hoc visualisation of the data (for example, highlighting data, producing graphs 
from the data) 
 
Many of the above cases arise because the existing manufacturing information systems, including ERP 
systems, do not provide the necessary functionality or flexibility.  
 
THE MANUFACTURING DATA REPURPOSING FRAMEWORK 
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information 
systems
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cleansing
Reduced 
knowledge of the 
original data 
context
Data pre-processing 
required
Data transforms are 
not always the ones 
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Leverages existing data 
integration, cleansing and 
transformations
Existing data quality 
problems remain
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information 
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Data file (e.g. 
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Data file (e.g. 
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boundary
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Figure 1: The Manufacturing Data Repurposing Framework 
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This section proposes the Manufacturing Data Repurposing (MDR) framework, which can be used to 
help manufacturing organisations to identify, avoid and/or manage the data quality issues that arise as a 
result of manufacturing data being repurposed. The framework, shown in Figure 1, generalises each of 
the data quality problem examples from the interview results (see Table 4) and groups these into three 
channels of how data is transmitted (or not) from the manufacturing information systems to the 
repurposer (that is, the person who intends to use the data for the repurposed task, such as a data 
scientist). These channels are the: No Data Channel, Data Sharing Channel, and the Data Warehouse 
Channel. 
 
No Data Channel 
In the No Data Channel, the analyst does not have the data they need because they are unaware of what 
data could be useful to them, and so do not request it or extract it themselves. In other cases it may be 
that the analyst cannot find the data because it is stored in inaccessible locations (case D gave the 
example of people storing spreadsheets on their desktop computer), or because of the numerous 
information systems and the large amount of data which needs to be searched; the latter is referred to as 
the data overload problem (Eppler and Mengis, 2004).  
 
There may be a number of “no data” channels that exist in the organisation, and these should be turned 
into channels where data does flow to the analyst. In this case, without the necessary data, the risk to the 
business is clear: the organisation may be missing out on valuable opportunities to derive insight from 
their data at every level from strategic to operational decision making.  
 
Currently, in order to mitigate this problem in the short term, the only approach reported was that data 
analysts must rely on utilising other employees with a good knowledge of the information systems, 
including ones which produce good quality and useful data and ones that do not. 
 
Although, not reported as being used by any of the organisations interviewed, the rise of advanced 
searching and recommender systems (Resnick and Varian, 1997) are also key technologies that could be 
utilised by the organisation to start the flow of data to the analyst.  
 
Data Sharing Channel 
In the Data Sharing Channel, the data is extracted from the manufacturing information systems by some 
“data provider” and is sent to the repurposer, who may be within the company or in an external 
organisation. The repurposer may also have direct access to the manufacturing information systems and 
can take a copy of the data themselves or, in the case of external analysts, it is more likely that someone 
within the company will provide the data.  
 
The common methods of sharing the data include email and file sharing servers. Currently only one 
organisation reported use of the cloud, which in this case amounted to being no different than using a file 
sharing server. The following subsections describe the data quality problems that occur in this channel. 
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Unhelpful Data Cleansing 
The dummy data problem noted by case A is a case of unhelpful data preparation, where the data is 
manipulated by someone who is tasked with providing the data, but it is done so in a way that can 
actually cause problems for the analyst. The data provider may be inadvertently making the data worse, 
or deliberately trying to hide the fact that the data has problems, especially if delivering it to external 
parties. Similar to the example in Table 4 of copying the values from one data field to another (rather 
than leaving them empty, so the analyst knows that the data was not collected), other examples include: 
• the insertion of default values, when the actual value is not known  
• making typographic errors when attempting to insert, modify or correct values 
• truncating data (e.g. removing the time stamp in a date field) 
• reformatting the data in an unhelpful way (e.g. changing all date formats to a UK format when 
the original format was suitable) 
 
Some of these problems may be difficult to detect, and in the example in Table 4 for case A, the person 
inferred that there was a data problem with the actual delivery date because it looked suspiciously close 
to the estimated delivery date. The problem was only confirmed when checking it with the data provider.  
 
Existing Data Quality Problems Remain 
While there may be data quality problems that are directly introduced because of data being repurposed, 
there will likely still be data quality problems that arise normally, and these will still remain in the data as 
it is copied and shared. In fact, it can be because of these problems that the data provider may attempt to 
pre-process/clean the data for the repurposer and inadvertently introduce errors (cf. Unhelpful data 
cleansing). 
 
Reduced Knowledge of the Original Data Context 
Case E, C and the literature elude to the problem of not knowing enough about the original context of the 
data and thereby making false assumptions, obtaining incorrect results and making incorrect 
interpretations when analysing the data (see (Veaux and Hand, 2005) for examples).  
 
The people involved directly with the collection of data about, for example, the operation of 
manufacturing machines, inherently know the reasons for some of the idiosyncrasies in the data. 
However, when this data is passed to a second party for repurposing, this knowledge is lost and the 
analyst can only interpret the data literally. Veaux and Hand (ibid.) provide an example where the analyst 
thought that the data was from a direct measurement, whereas in fact it was from the output of a 
model/simulation.  
 
Case E gave the example of an analyst repurposing the data from purchase orders and the storage of parts 
to calculate supplier delivery performance (using the metric “on-time in full”). The expected delivery 
date (from the purchase order) was correlated with the storage date to determine whether the supplier 
delivered on-time. However, the analyst did not realise that often the people storing the parts would wait 
until the following day before either storing them and/or recording them as being stored. Hence, it 
appeared as if the suppliers were not performing as well as was actually the case – because the analyst 
was unaware of the parts storage and data recording behaviour.  
 
So when the data used to record whether items are in the stores is repurposed, i.e. used for supplier 
analytics instead of stock checking, the level of data quality needed for the stores is not the same as the 
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 level of data quality needed by the supplier analytics team. 
 
 
Data Pre-processing Required 
Various respondents in the interviews indicated that in order to transform data so that it is fit for use in 
the secondary task (i.e. when it is repurposed), it takes approximately 80% of the total time of the project. 
This estimate is commensurate with the literature (Baesens, 2014), (Veaux and Hand, 2005) and (Kandel 
et al., 2012), which gives similar figures. These, of course, are estimates and should be interpreted as 
such, although they convey simply that a significant amount of time is spent on data pre-processing.  
 
So if, for example, a project is started for the ad hoc task of identifying performance improvements to a 
production line, then one can expect to spend the majority of the time simply manipulating data so that it 
is ready for analysing. Which is incredible given that none of the manipulations are particularly difficult 
in their own right. However, the number of manipulations, their ad hoc nature, and the amount of data all 
aggregate to a significant burden on the analyst. Conversion of measurement units (from metric to 
imperial), altering time periods (weeks to months), aggregating and disaggregating quantities (e.g. 1 box 
= 50 items) are all typical examples of data pre-processing transformations which need to be carried out 
before the data is fit for use. 
 
Furthermore, whilst time periods and regular measurement units can be converted by anyone, knowing 
how many items were in each box requires one to spend time to verify the situation, especially if the 
number of items per box can vary. This is also an example of the reduced knowledge of the original data 
context. 
 
Lack of synchronisation between copies of data files 
The fundamental problem with taking a copy of the data is that the data immediately needs to be 
managed in multiple places and updates need to be synchronised between the copies, otherwise the 
copies become out of date and inconsistent. Replicating data is the source of many problems, and one 
example given by case F occurred when the Bill of Materials (BOM) for an aircraft was sent to another 
organisation for analysis of what parts would become obsolete in the future. The other organisation 
reported back that one particular part was very likely to become obsolete and recommended to execute a 
life time buy of the part (where as many parts as will be needed to cover the entire operating life of the 
aircraft are purchased), which in aircraft terms can easily be over half a century. And so you can imagine 
the surprise, after the purchase all the parts, to find out that the part is no longer used on the aircraft!  
 
The problem was that the “as flown” BOM changes from the “as built” BOM as parts are superseded, 
and so an out-of-date BOM was being used for the analysis, and it was not being kept up-to-date with the 
changes in the latest BOM.  
 
The updates can occur in either direction, from copy to original or vice versa. For example, any 
correction of accuracy errors in the copy should also be changed in the original. However, several 
organisations reported that while there may be some updates that go from the original to the copies, there 
is no propagation of updates back to the original. This is a tremendous opportunity loss.  
 
The long term solution to this problem (although there was no mention of how) is to attempt to reduce 
the number of so called “satellite systems”, which are small ad hoc databases and spreadsheets that are 
managed usually by individuals and have no link to the enterprise (“planet”) system from whence the 
originating data came. However, when the data is sent outside the organisation this is a different matter 
and communication channels need to be established.  
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Data Warehouse Channel 
In the Data Warehouse Channel, data from the manufacturing information systems is extracted 
automatically (usually via extract, transform and load procedures) into a data warehouse, and the 
repurposer has access to this warehouse. Data is still often copied from the data warehouse into a data 
file such as a spreadsheet for the reasons noted previously about copying data.  
 
The Data Warehouse Channel has the advantage that the data is often integrated from multiple enterprise 
systems and it has had transformations and data cleansing applied to it before it enters the warehouse. 
However, the data transforms are not always the ones needed by the analyst. If not, then any transforms 
such as aggregations of values (means, groupings etc.) may need to be disaggregated, which could be 
difficult if the original data values are not easily accessible. Moreover, the analyst needs to perform this 
task, which takes time, as well as perform any transforms that they do require. The primary benefit of the 
warehouse channel noted by case C is the integration of data from multiple systems. 
 
If a repurposing situation needs to be established, i.e. it is not for ad hoc tasks but rather it will be for a 
regular task/decision using the same data each time, then the data warehouse is an ideal channel to set up 
automated data transforms and cleansing for this. Case C and E indicated that this is essentially what 
their data warehouses is primarily used for, but that no automated transforms are developed for ad hoc 
tasks. Many data scientists will likely want to experiment with the data and conduct ad hoc analysis, 
which later can be rolled out as a regular decision making process if it is deemed worthwhile. Hence, the 
challenges remain with ad hoc data analytics tasks. 
 
Channel combinations 
The above three channels give a general view of how data is provided to the repurposer and the data 
quality problems that arise. However, particular quality problems are not always present in only one 
channel. In order to be an effective guide for mitigating the problems, one should consider the data 
problems between different channels. For example, the No Data Channel could exist because people are 
not aware or cannot get access to the data in the data warehouse rather than just the enterprise source 
systems. Similarly, synchronisation issues could exist between the data warehouse and the spreadsheets 
containing extracted data from the warehouse.  
 
 
CONCLUSIONS 
This research proposed the Manufacturing Data Repurposing (MDR) framework, which highlights the 
key data quality problems that arise when data is repurposed from manufacturing information systems. 
Currently, there are two key risks and two opportunity losses that face manufacturers as they attempt to 
repurpose data, such as for conducting data analytics. The risks are: poor decision making and analytics 
models that may result from basing analysis on low quality data (this risk is no different from issues 
stemming from general data quality problems), and a significant waste of valuable resources to pre-
process data so that it is fit for the new purpose, including transforming, data cleansing and integrating 
the data. The latter tends to be left to the data scientist (or data repurposer) to do for themselves, and 
having a skilled data scientist to configure and execute numerous menial data transformations will be 
seen by many organisations to be a waste of talent. 
 
The opportunity losses are: any data improvement in “satellite systems” (i.e. standalone spreadsheets and 
databases not linked to the enterprise systems) are not sent back to the enterprise systems, so any 
corrections to quality issues will not benefit the primary users, and some analysis cannot be done because 
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 the data is hidden and/or inaccessible. 
 
Further research is needed to identify solutions to these challenges and enable organisations to maximise 
their data not just for its primary purpose, but also for any subsequent use in any part of the business. 
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